The development of a high-fidelity aerodynamic design optimization tool based on evolutionary algorithms for turbomachinery is attempted. A three-dimensional Navier-Stokes solver was used for aerodynamic analysis, so that flowfields would be represented accurately and so that realistic and reliable designs would be produced. For efficient and robust design optimization, the real-coded adaptive range genetic algorithm was adopted, and the computation was parallelized and performed on an SGI Origin 2000 cluster to reduce turnaround time. The aerodynamic redesign of the NASA rotor 67 blade demonstrated the superiority of the present method over the conventional design approach, increasing adiabatic efficiency by 2% over the original design. This increase is achieved not only at the design condition, but over the entire operating range. This design optimization method has proven to be suitable for parallel computing. This promising tool is shown to help turbomachinery designers to design higher-performance machines while shortening the design cycle and reducing design costs.
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Nomenclature

M
= number of generations between population initializations m design = mass flow rate of a design candidate, kg/s m rotor67 = mass flow rate of the NASA rotor 67, kg/s N (0,1) = probability distribution function P ratio,design = total pressure ratio of a design candidate P ratio,rotor67 = total pressure ratio of the NASA rotor 67 p = dimensionless pressure p i = ith design variable of a design candidate p i,max = upper search boundary of the ith design variable p i,min = lower search boundary of the ith design variable pn i = ith normalized design variable of a design candidate r i = ith string of a design candidate s = dimensionless entropy γ = gas specific heat ratio, 1.4 µ i = average of the ith design variable ρ = dimensionless density σ i = standard deviation of the ith design variable σ present = standard deviation of the present generation σ sampled = standard deviation of the sampled design candidates
Introduction
T HE compressor is a critical part in developing a new aeroengine because a small improvement in efficiency can result in significant savings in the annual fuel costs of an aircraft fleet. Although today's aeroengine compressors have achieved very high performance, there is an increasing demand for new compressor designs with even higher performance.
One approach to further improve compressor performance is to develop a computer-based design system based on a high-fidelity flow solver such as three-dimensional Navier-Stokes analysis and a numerical design optimization method. Currently, state-of-theart blade design systems depend on the axisymmetric through-flow method in the initial stage of the blade shape design. High-fidelity computational fluid dynamics (CFD) may also be used, but often CFD is used only for validation purposes or for evaluating the loss coefficient to be used for the next through-flow calculation. Then, design experts rely on their experience and intuition to optimize the blade design manually through a trial-and-error process.
Such a conventional approach is, however, approaching its limits. One reason for this is that the through-flow method cannot capture complicated flow structures within a compressor blade pass, such as secondary flow and shock/boundary-layer interactions that may produce substantial flow losses. Another reason is that it is very difficult to solve a compressor blade design by trial and error because it involves a large number of design parameters and constraints and because the objective functions are inherently nonlinear and multimodal in nature. There is, therefore, a demand for a computational design optimization system based on three-dimensional Navier-Stokes computations coupled with a numerical design optimization method.
Among the many numerical optimization methods, the gradientbased methods, which are classified as local optimization methods, are perhaps most widely used. (For example, see Ref. 1) These methods start with a single design point and use the local gradient of the objective function with respect to changes in the design variables to determine a search direction by using methods involving gradients, such as the steepest descent, conjugate gradient, quasi-Newton techniques, or adjoint formulations. These methods are efficient and can find a true optimum as long as the objective function is differentiable and convex (Kuhn-Tucker condition). However, aerodynamic design optimization problems usually have nondifferentiable and multimodal objective functions. 2 Optimizations depending on such methods could lead to a local, but not necessarily a global, optimum close to the starting point. Furthermore, such computations easily get bogged down when many constraints are considered.
On the other hand, evolutionary algorithms [(EAs) which is the collective name of evolution-based optimization algorithms such as genetic algorithms, evolutionary strategies, and evolutionary programming] are classified as global optimization methods. They start with multiple points sprinkled over the entire design space, and they search for true optimums according to the objective function values instead of the local gradient information by using the unique operations of EAs, that is, selection, recombination, and mutation. These features lead to robustness, suitability for parallel computing, and simplicity in coupling various evaluation codes. In addition, EAs sample various Pareto-optimal solutions in parallel when applied to a multiobjective design optimization problem. Comparison of various optimization methods has shown that EAs lead to a better result in general.
2−4 Because of these advantages, EAs have become increasingly popular in a broad class of design problems. 5, 6 EAs also have been applied successfully to turbomachinery design optimization problems such as compressor cascade design, 7 turbine cascade design, 8 blade design, 9 centrifugal compressor design, 10, 11 multistage compressor design, 12 and rocket engine pumps. 13 For the previous applications of EAs to turbomachinery design optimizations, however, either the optimizations have been restricted to a two-dimensional analysis, or simplified geometry modeling has been used to reduce the number of design parameters. To represent the flowfield in a compressor accurately and produce reliable designs, designers must use a three-dimensional Navier-Stokes computation for aerodynamic performance evaluations. For the present method, we adopted parallel computing to reduce the significant computational time that was expected, especially the turnaround time. The parallel computing was performed on the SGI Origin 2000 cluster (Silicon Graphics, Inc.) at the Institute of Fluid Science, Tohoku University, in Japan. To reduce the number of required aerodynamic evaluations, we adopted a real-coded adaptive range genetic algorithm (ARGA). The aerodynamic redesign of the NASA rotor 67 demonstrates the superiority of the EA-based high-fidelity design optimization approach.
Design Optimization Problem
The optimization problem considered was a redesign of the NASA rotor 67 (Ref. 14) . This low-aspect-ratio, transonic axial-flow fan rotor is the first-stage rotor of a two-stage fan. The fan was designed and tested in the 1970s to help develop efficient, lightweight engines for short-haul aircraft. Rotor 67 was designed by the use of a streamline-analysis computational procedure, which provides an axisymmetric, compressible-flow solution to the continuity, energy, and radial equilibrium equations.
The rotor design pressure ratio is 1.63 at a mass flow of 33.25 kg/s, and the design rotational speed is 16,043 rpm, which yields a tip speed of 429 m/s and an inlet tip relative Mach number of 1.38. The rotor has 22 blades and an aspect ratio of 1.56 (based on the average span/root axial chord). The rotor solidity varies from 3.11 at the hub to 1.29 at the tip, and the inlet and exit hub-to-tip-radius ratios are 0.375 and 0.478, respectively. The Reynolds number is 1.797 × 10 6 on the basis of the blade axial chord at the hub.
The objective of the rotor shape design optimization problem was to minimize flow losses. Hence, the objective function was the mass-averaged entropy production from the inlet to the exit at the design point of rotor 67. Local entropy in the computing domain was computed from the local pressure and density:
Because an optimized rotor design should meet the required mass flow rate and pressure ratio, these parameters were maintained by the specification of constraints on them: 
Blade Shape Parameterization
The rotor blade shape under investigation was represented by four blade profiles, at spanwise stations of 0, 31, 62, and 100%. (All spanwise locations discussed here were measured from the hub.) The shape was linearly interpolated between the profiles from hub to tip. Each of these sectional profiles can be uniquely defined by the use of a mean camber line, together with a thickness distribution described at a set of controlled points. These control points were used as parameters in the third-order B-spline curves to yield a smooth representation of the blade camber and thickness. Parameterization with B-spline curves is one of the most popular approaches for airfoil designs.
When B-spline curves are used for shape parameterization, the positions of the control points of the curves are often considered as the design parameters. Here, five control points were used for the mean camber line, as shown in Fig. 1 . For the thickness distribution, two more control points were added at the leading and trailing edges, so that these points would represent the leading-and trailing-edge radii (Fig. 2) . Chordwise locations of the control points at the leading and trailing edges were frozen at 0 and 1, respectively. As a result, 14 design parameters (six for the mean camber and eight for the thickness distributions) were required to represent a sectional shape, and each blade shape was then represented by four sections, resulting in a total of 56 design parameters.
Flow Solver
Three-dimensional grids were obtained by stacking twodimensional grids generated on the blade-to-blade surface. These were C-type two-dimensional grids that were generated by solution of an elliptical equation with a prescribed grid spacing and orientation at the wall. To reduce grid skewness due to high stagger or large camber significantly, we chose to adopt the approach proposed in Ref. 15 by allowing the grid to be nonperiodic at the wake (Fig. 3d) . By adding lines near the wall, we could obtain viscous grids from the inviscid grids. The wall normal spacing scaled with the axial chord was 10 −4 . In the spanwise direction, a standard H-type structure was adopted. Near the hub and tip walls, geometric stretching was used for a specified number of grid points, after which the spanwise spacing remained uniform. There were 201 chordwise, 53 tangential, and 57 spanwise grid points. Among the 201 chordwise grid points, 149 grid points were distributed along the blade surface. The computational grid for the NASA rotor 67 is shown in Fig. 3 . The three-dimensional Navier-Stokes code used in this research was TRAF3D (Refs. 16 and 17) , which solved the threedimensional, full Reynolds-averaged Navier-Stokes equations. TRAF3D uses a central-differencing scheme, including the artificial dissipation terms introduced by Jameson et al. 18 to maintain stability and to prevent oscillations near shocks or stagnation points. The eigenvalue scalings of Martinelli and Jameson 19 and of Swanson and Turkel 20 were incorporated to minimize the amount of artificial diffusion inside the shear layer. The two-layer eddy-viscosity model of Baldwin and Lomax was adopted for the turbulence closure. The system of differential equations uses an explicit, four-stage RungeKutta scheme to advance in time. To accelerate the convergence of calculations, the code adopts strategies like local time stepping, implicit residual smoothing, 21 and the full approximation storage multigrid technique. 22 Details about the TRAF3D code and its validations, especially for turbomachinery flows, have been well doc- umented elsewhere, for example, Refs. 15 and 16, and, hence, are not repeated here.
There are four types of boundaries in cascade calculations: inlet, outlet, solid walls, and periodicity. At the inlet, the boundary layers on the hub and tip end walls were accounted for by giving a total pressure and a total temperature profile to mimic the experimental situation. According to the theory of characteristics, the flow angles, total pressure, total temperature, and isentropic relations were used at the subsonic axial inlet, whereas the outgoing Riemann invariant was taken from the interior. At the subsonic axial outlet, the static pressure at the hub was prescribed, and the density and components of velocity were extrapolated together with the circumferential distribution of pressure. The radial equilibrium equation was used to determine the spanwise distribution of the static pressure. On the solid surfaces, the momentum equation, the no-slip condition, and the adiabatic-wall condition were used to find pressure, velocity components, and temperature. The periodicity from blade passage to blade passage was imposed at periodic phantom cells. At the wake, where the grid was not periodic, the phantom cells overlapped the real ones (Fig. 3d) . Linear interpolation was then used to compute the value of the dependent variables in the phantom cell.
The capabilities of the present code were validated by a comparison of the computed results with measurements such as those in the Goldman annular vane with and without end wall contouring, the low-speed Langston linear cascade (see Ref. 16 ) and the NASA rotor 67 (Ref. 17) . Figure 4 compares the computed adiabatic efficiency of the NASA rotor 67 with the experimental data. The computed and experimental mass flows were normalized by their respective choking mass flows, as suggested by Pierzga and Wood. 23 This normalization removes any uncertainties in the experimental mass flows. The measured choking mass flow was 34.96 kg/s, whereas the computed value was 34.39 kg/s, a difference of 1.6%. The computed pressure ratios and efficiencies agree very well with the experimental data.
EAs
In this study, the real-coded ARGA by Oyama et al. 24 was used to improve the robustness and efficiency of the EAs. The real-coded ARGA incorporates the idea of dynamic coding with floating-point representation.
In standard real-coded genetic algorithms, the ith real design variable p i of a design candidate defined in a region [ p i,min , p i,max ] is encoded as a real string r i :
where p i,min ≤ r i ≤ p i,max . Alternatively, normalized values of the design variables can be used:
where 0 ≤ r i ≤ 1.
In the real-coded ARGA, the design variable p i is rewritten implicitly in terms of the real numbers r i defined in (0,1), so that the integral of the probability distribution of the normal distribution from negative infinity to pn i is equal to r i :
where the probability distribution N (0,1) is scaled, so that the integral from negative infinity to infinity equals 1. The average µ i and the standard deviation σ i of each design variable are calculated when the top one-half of the previous population is sampled, so that the present population distributes in the promising search regions. A schematic view of this coding is given in Fig. 5 . The update of µ i and σ i for every generation, however, results in an inconsistency between the actual and updated population statistics in the next generation because the selection operator picks up the genes that correspond to the promising region according to the old population statistics. To prevent this inconsistency, the present real-coded ARGA updates µ and σ every M generations, and then the population is reinitialized. The real-coded ARGA maintains diversity in the population by reinitializing the genes of the design candidates.
To avoid premature convergence and to improve the robustness of the present real-coded ARGA further, we introduced a relaxation factor ω σ to update the standard deviation:
where the relaxation factor is usually chosen to be between 0.1 and 0.5. In the real-coded ARGA, the advantages of dynamic coding and floating point representation are both used to overcome the problems of having a large search space that requires continuous sampling. A chromosome is coded as a finite length string of real numbers corresponding to the design variables. The floating-point representation is robust, accurate, and efficient because it is conceptually closest to the real design space, and the string length reduces to the number of design variables. In addition, the real-coded ARGA enables an efficient and robust search while keeping the string length small by adapting the population toward promising regions during the optimization process. Moreover, the real-coded ARGA eliminates the need for the earlier definition of search boundaries because it distributes solution candidates according to the normal distribution of the design variables in the present population. The real-coded ARGA has been successfully applied to airfoil design optimization, 24 wing design optimization, 25 and multiobjective supersonic transport design optimizations. 26 In the following paragraphs, we describe the steps used in this EA. Figure 6 shows a flowchart of the present real-coded ARGA.
First, we generated the initial population by randomly spreading solutions over the entire initial design space.
Second, the fitness (objective function) of each design candidate was evaluated by its rank as suggested by Michalewicz. 27 The constrained domination approach 28 was used to determine the rank among the population of design candidates according to the objective function value and the extent of the constraint violation. The constrained domination approach handles design constraints without using the penalty function. In addition, this approach maintains sufficient selection pressure throughout the optimization.
Third, the potential parents of the next-generation design candidates were selected via the stochastic universal sampling method, 29 by which the selection probability of each individual was assigned on the basis of its fitness. Also, the two potential parents were selected at the same time to avoid a stochastic error, the so-called genetic drift. 30 Finally, blended crossover (BLX-α) and uniform mutation were used to produce the next generation of design candidates. BLX-α is the most common approach for the recombination of two parents represented by a vector of real numbers, as proposed by Eshelman and Schaffer. 31 In addition, the present EA adopts the elitist strategy, 32 in which the best and second-best individuals in each generation are transferred into the next generation without any recombination or mutation. The elitist strategy guarantees a monotonic improvement in the objective function value.
Parallelization
The main concern about the use of a three-dimensional NavierStokes solver to achieve an optimal aerodynamic compressor design is the required computational effort. Fortunately, this concern is diminishing rapidly because powerful parallel computers are advancing quickly and are becoming increasingly affordable for many institutions and universities. Moreover, personal computer clusters are emerging as a powerful and affordable alternative. This trend especially favors the use of EAs because they are intrinsically amenable to parallel computations. Hence, although the issue of computational cost is diminishing, the ability of the application of EAs to complex problems is increasing.
In this study, all computations were performed on the SGI Origin 2000 cluster at Tohoku University, which consists of 640 processing elements (PEs). The cluster's total scalar performance and total memory size are 384 giga-floating point operations per second and 640 GB, respectively.
In each generation, the aerodynamic evaluation of design candidates was parallelized with the simple master-slave concept: The grid generations and the flow calculations associated with the design candidates of a generation were distributed into the PEs of the SGI cluster. The corresponding parallel efficiency was expected to be almost 100% because of the following factors: 1) Grid generation and the Navier-Stokes computation of each design candidate of each generation were computed independently. 2) The time for the CFD computation of each design candidate was essentially identical. 3) Each Navier-Stokes computation took about 12 h of computational time on an SGI Origin 2000 PE, whereas the real-coded ARGA used only a few seconds for each generation.
Results
The first step of this EA-based design optimization was to determine the input parameters such as population size and number of generations. These parameters (Table 1) were chosen judiciously according to our previous experience. The next step was to define the design space properly. Even though the real-coded ARGA does not require definition of the design space, it still needs the initial distribution of the design candidates. In this study, the NASA rotor 67 was used as a baseline around which the initial candidates were populated. Specifically, the central values of the initial design space were made to correspond to the design parameter values representing the rotor 67 geometry. These values were found by the minimization of the geometry difference from rotor 67 by the use of the EA without any flow computation.
In this optimization, both the grid generation and Navier-Stokes computation for each design candidate of each generation were distributed into 64 PEs of the SGI cluster and computed in parallel. Although the parallel efficiency was expected to be almost 100%, actual parallel efficiency varied from 67 to 92% (an average of 77.5%), depending on the occupation rate of the machine during the computation.
The discrepancy between the expected and actual parallel efficiencies was attributed to the structure of the SGI Origin 2000 cluster in which each node of the cluster has two PEs and one shared memory. When a CFD computation was submitted to a node with both PEs free, the process was done very fast because the process occupied its memory. On the other hand, when a CFD computation was submitted to a node with one PE free and one occupied by the other process, the computation became slow because it had to compete with the existing process for access to the memory. As a result, the computational time of each CFD computation varied significantly among different PEs, causing the parallel efficiency of the computation to degrade.
Nevertheless, the parallel efficiency was still very high for this parallel computation that used 64 PEs, and the parallel efficiency would be higher than 92% if a parallel computer with one memory for each PE were used. This result proves that the EA-based highfidelity (Navier-Stokes) design optimization is extremely suitable for parallel computation. In the present study, the average computational time for each generation was 15 1 2 h on the SGI cluster, resulting in the total turnaround time reduced to about two months by the utilization of parallel computing. Figure 7 presents an optimization history in terms of an objective function represented by entropy production, clearly showing a monotonic reduction. Thus, the design was continually improved with each additional generation. We note that the entropy production of the best design at the 33rd generation increased because the SGI cluster accidentally shutdown, and the EA misinterpreted the shutdown to mean that the flow computation of the best design had not converged. However, even with this glitch, the entropy production continued to decrease afterward, and the optimized design successfully cut its value by more than 19% compared with the NASA rotor 67 after 100 generations. This is a significant improvement for a compressor blade design. In addition, we anticipate that better designs may be obtained if the computation is continued further. Table 2 compares the performance of the optimized design with that of rotor 67. The constraints on the mass flow rate and pressure ratio were satisfied, and the isentropic efficiency was improved by 1.783% at the design condition, resulting in a higher pressure ratio across the rotor than with the baseline design. The blade profiles of the optimized design and of rotor 67 are shown in Fig. 8 . Figure 9 compares the spanwise distributions of entropy production for rotor 67 and the optimized design. Figure 9 shows that the optimized design reduced entropy production in the regions between the hub and the midspan and near the tip. Figures 10 and 11 show the blade profiles and the corresponding surface static pressure distributions at spanwise stations of 33% (near the hub) and 90% (near the tip), respectively. The excessive flow acceleration near the leading edge at the 33% span station has diminished because of the decrease of the incidence angle. In addition, at the 90% span station, the shock on the suction side has moved aft and has been weakened considerably because of the aft movement of the maximum camber position. Note that the optimized design gives rise to a double-hump blade shape, especially obvious on the pressure side.
Figures 12 and 13 present the corresponding relative Mach number contours. The optimized design minimized the extent of the supersonic bubble on the suction side near the leading edge at the 33% span station. This explains the reduction in entropy production between the hub and the midspan. At the 90% span station, both the bow shock that impinges the blade suction side and the reflected shock have become more oblique, thus reducing entropy production through the shocks significantly. Flow separation also has decreased because of the weakened shock, further reducing entropy generation. Figure 14 shows oil flow patterns and static pressure contours on the suction surfaces of the NASA rotor 67 and the optimized design. The shock wave on the optimized design exists only partially on the blade between the stations at 19 and 100% span, whereas that on the NASA rotor 67 exists from the hub to the tip. Figure 14 also shows that the shock wave on the optimized design is significantly weakened. In addition, the shock wave on the suction side of the optimized design slants toward downstream from 60 to 90% span to reduce the shock-generated entropy. Figure 15 compares the performance maps of the optimized design and the NASA rotor 67 over the entire operating range. Although the optimization was carried out only at the design operating condition, it is of considerable significance that the optimized design maintained higher isentropic efficiency over the entire operating range, from choke to stall limits, achieving a remarkable, better than 2% improvement in adiabatic efficiency.
Conclusions
An EA-based high-fidelity aerodynamic design optimization tool for a transonic compressor blade has been successfully developed. To represent flowfields accurately and so that reliable designs would be produced, a three-dimensional Navier-Stokes solver was used for the aerodynamic analysis. The computation was parallelized and performed on the SGI cluster at the Institute of Fluid Science, Tohoku University in Japan to reduce the turnaround time for the study. For an efficient and robust design optimization, the real-coded ARGA was adopted.
The aerodynamic redesign of the NASA rotor 67 demonstrates the superiority of the present method over conventional throughflow analysis and the trial-and-error design approach commonly used in aeroengine designs. The present method finds a revolutionary compressor blade shape that improves the isentropic efficiency considerably (by 1.783%) while it maintains a total pressure ratio and mass flow of the original design.
This study proves the suitability of the EA-based high-fidelity compressor design optimization to parallel computing. No substantial modifications were made in the CFD code or in the EA code for parallelization because CFD computations of different design candidates were simply distributed onto different PEs. In addition, the parallel efficiency was found to be extremely high even though the number of PEs used for the present optimization is large. The efficiency reached as high as 92% when a simple master-slave concept was used and could have been improved further if the cache hit rate of the CFD solver had been increased.
The present design optimization also reveals three philosophies for compressor blade design:
1) The design of the leading-edge shape is very important in the minimization of the size of the supersonic bubble on the suction side near the hub.
2) The shock wave inside the passage should be as oblique as possible in both the meridional and tangential planes to reduce the shock-generated entropy.
3) An optimum design with significantly higher isentropic efficiency over the entire range of operating conditions can be maintained only if the design is optimized at the operating condition.
According to Moore's speech at the 2003 International Solid-State Circuits Conference, Moore's law will continue for at least another 10 years. Hence, although EA-based high-fidelity compressor design optimization is expensive today, we believe that it will be easily demonstrated on a personal computer cluster in 10 years. Application of the present method to multidisciplinary design optimization problems is also straightforward because EAs make tradeoffs to find optimum designs in parallel when applied to a multiobjective optimization problem. Finally, this study has shown that the present approach (EAs) offers a promising tool for turbomachinery designers to design better machines while the design cycle is shortened and design costs reduced in the near future.
